Introduction 31
Since the launch of the Gravity Recovery and Climate Experiment (GRACE) mission 32 (Tapley et al., 2004) in 2002, the scientific community has gained significant insight into 33 terrestrial water storage (TWS) variations around the world. Still, understanding of the 34 relationship between TWS variations and changes in its individual components 35 (groundwater, soil moisture, surface waters, snow, and vegetation water storage) has not 36 advanced beyond small-scale studies based on in situ data (e.g., Rodell and Famiglietti, 37 2001) . Although a few studies have demonstrated the impact that surface water storage 38 (SWS) has on TWS in tropical basins (e.g. Papa et al., 2013; Pokhrel et al., 2013; 39 Salameh et al., 2017) , the vast majority of investigations on TWS decomposition 40 systematically neglect SWS by assuming that its contribution to TWS is trivial (Houborg 41 et al., 2012) . Such studies have combined either model outputs or observations with 42 GRACE data in order to estimate groundwater variability and change over the U.S. 43
where i and t are indexes related to water storage components and time step, respectively, 133 and nc=5, corresponding to the water stored (S) in the components considered in this 134 study: SWS, GWS, SM, SWE and CAN. The sum of impact indexes of all water storage 135 components equals 1. 136
Such an index is preferred over the ratio of amplitudes, as suggested in previous studies 137 (e.g. Pokhrel et al., 2013) Tigris-Euphrates Rivers, where no data is available for the study period. 149
The second evaluation quantifies the gain in considering SWS as part of TWS by 150 comparing simulated LWS and TWS (i.e. SWS+LWS) against GRACE-based TWS 151 using the Kling-Gupta (KG) efficiency coefficient (Gupta et al., 2009) 
. KG measures the 152
Euclidean distance from an ideal point of the Pareto line and is a function of the8 correlation (r), bias (β) and standard deviation ratio (γ), also called variability, between 154 simulations (s) and observations (o): 155
where µ and σ stand for the mean and standard deviation of TWS time series. The optimal 159 value for r, β, γ and KG is 1. Since the KG is computed for anomaly time series, the bias 160 term is neglected. This means that KG is a function of phasing and amplitude ratio 161 Monthly SWS and LWS simulations were also smoothed using a 300 km half-width 170
Gaussian filter, then re-gridded onto the GRACE grid. These operations were needed in 171
order to obtain simulations that were spatially and temporally consistent with the 172 GRACE-based TWS fields. Details on the smoothening process can be found in Wahr et9 al. (1998) . It is important to note that this procedure was only performed for the 174 comparison against GRACE data. 175
Results and Discussion 176

Impacts on the terrestrial water storage change 177
Results indicate that all land surface on Earth (~112×10 6 km 2 , Greenland excluded) stores 178 3 (Shiklomanov, 1993) . 30% of that water (or ~720km 3 ) is 181 concentrated in the Amazon basin (see Table 1 for mean SWS values at the selected 18 182 river basins). Globally, I SWS is 7%, compared to 15%, 55% and 23% from I GWS , I SM and 183 I SWE . However, these impacts have a high spatial variability. River basins. In those basins, a 3-month lag is noticed between SWE and SWS, and, in 209 some cases, the amplitude of annual SWE variability is higher than TWS annual 210
variability. 211
The Amazon basin has the highest mean I SWS value (27%), with a mean annual amplitude 212 of ~116mm, corresponding to 37% of the TWS' amplitude (312mm). This amplitude 213 ratio is about the mean of two estimates (27% and 50%) previously suggested in Pokhrel 214 et al. (2013) and Papa et al. (2013) using modeling and satellite data, respectively. I SWS is 215 also high in the Nile basin (20%), which is due to the low GWS and SM variability in the 216 arid part of the basin. These two basins are the only ones where I SWS is higher than I GWS . 217
Other basins, such as Congo, Parana, Niger, Yangtze, Volga, Zambezi Indus, G-B and 218
Mekong have major SWS impacts on TWS. In particular, I SWS is 13% over G-B an 219
SWS/TWS amplitude ratio of 24%, which is about half of the estimated value (50%) 220 suggested in a previous study combining multi-satellite data (Salameh et al., 2017) . 221
Comparison against GRACE data 222
The impact of incorporating SWS in TWS is quantified using the changes in the KG 223 metric (ΔKG). The global averaged improvement of adding SWS and LWS towards a 224 better representation of TWS, compared to simply using LWS, is nominal (i.e. ΔKG=0 225 for all land surface). However, the impact of I SWS in certain regions, as described in the 226 previous section, is noticeable in the ΔKG spatial distribution. The top panel of Fig. 3  227 shows the ΔKG map, highlighting 12 regions selected for further discussion, and 228
differential values of its two components, as defined in Eq. (3): differential correlation Δr 229
and differential standard deviation ratio Δγ. 57% of land surfaces presented improved 230 correlations with the addition of SWS, while 87% showed improved standard deviation 231 ratios. However, these improvements were small in most places, counterbalancing with 232 the high local deteriorations, and resulting in no changes in the global Δr and Δγ 233
averages. 234
The bottom panel of Fig. 3 shows the respective annual variability of GRACE 235 observations and simulated TWS, LWS and SWS. The impact of SWS is substantial over 236 South America and Africa, in particular in (1) the central Amazon, (2) the central and 237 lower Nile, (3) the Zambezi and Southern Congo River basins, and most of the Sahel. 238 SWS variability is also conspicuous in (4) Northern India and G-B River basin, (5) the 239 lower T-E River basin, and some regions in high latitudes. 240 SWS and LWS are in phase over region 1, but the large SWS annual variability increases 241 the amplitude of simulated TWS towards a better match with GRACE-based 242 observations, and significantly improves KG values. Region 2 is within the desert, where 243 LWS change is negligible; hence TWS change is governed by SWS. This can be clearly 244 observed in the annual variability shown in Fig. 3 . Streamflow simulations in the Nile 245
River are overestimated in about three times (as shown in Table 1 ) and may be resulting 246 in higher TWS amplitudes when compared to GRACE-based observations. The Nile 247
River is also highly impacted by intense irrigation along the river and reservoir operation 248 at the Aswan dam, which can also explain differences between simulated and observed 249 TWS amplitudes. TWS change over region 3 is dominated by soil moisture and, 250 secondarily, by GWS but it experiences a non-negligible amplitude increase and a slight 251 shift in the lag with the inclusion of SWS. 252 
Summary 274
The main goal of this study is to quantify the contribution of surface water storage to the 275 global terrestrial water storage. It has been motivated by the fact that most hydrological 276 studies employ the LSM-based water storage as TWS, neglecting SWS. Here, we use the 277 state-of-the-art Noah-MP LSM and HyMAP river routing scheme in order to simulate the 278 global water balance. We also propose an index to determine the impact of the major 279 water storage components, i.e. SWS, groundwater storage, soil moisture and snow water 280 equivalent, on TWS change. These impacts are evaluated both distributed spatially and 281 averaged for 18 major river basins. A second analysis focuses on how adding SWS to 282 LWS contributes to accurately estimating TWS, using GRACE-based TWS estimates as 283 reference. The Kling-Gupta efficiency coefficient is used to determine where 284 improvements and deteriorations happened. 285
Results show high SWS impact in the tropics, and major rivers flowing over arid regions 286 and high latitudes. We also demonstrate considerable SWS impacts in the Tigris-287
Euphrates River basin and Northern India (including the G-B and Indus River basins), 288
where that storage component has been neglected in previous hydrological studies. In 289 addition, we show that neglecting SWS in a TWS data assimilation framework over the 290 U.S. could be an acceptable simplification for part of the country (in particular, the 291
Western and Mid-Western regions), but surface water has a significant impact in the 292
Eastern part of the country. 293
Recent developments on land surface and river dynamic modeling have resulted in major 294 improvements in the representation of large-scale hydrological processes. However, we 295 acknowledge that computational models, including those used in this study, still present 296 limitations in global parameterizations. Besides, although human activities, such as 297 reservoir operation and irrigation, have been neglected in this study, we recognize that 298 they may have non-negligible impacts on TWS change. Results may largely vary as a 299 function of different modeling configurations, so we caution that the findings presented 300 in this study are representative for adopted particular modeling system, its 301 parameterization and forcings. Further investigation considering different modeling and 302 observational techniques is highly encouraged. The coarse spatial resolution of GRACE 303 also plays an important role in the evaluation, since signals over rivers can be smoothed 304 out and may not be realistic. 305
Simplifications aside, these results will be valuable for future studies to determine the 306 importance of (i) integrating river routing schemes into LSMs, (ii) considering SWS 307 when composing or decomposing TWS, and (iii) assimilating TWS and new variables 308
